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 Capital Asset Pricing Model (CAPM) has been one of the most well established 
and widely used asset-pricing models in the field of finance. However, the increase in 
empirical evidence contradicting the prediction of the CAPM lead to the 
development of the Fama and French (1993) three factor asset pricing model and 
other factor models.  Fama and French three factor model extends the CAPM with 
the introduction of two additional factors, SMB (small minus big) and HML (high 
book-to-market equity minus low book-to-market equity), which incorporate size 
and book to market equity. In this thesis, we use Singapore stock market data from 
1996 to 2009 to investigate the ability of the two models in explaining the variation 
in stock returns. Although we found statistically significant size and book-to-market 










In the field of finance, the Capital Asset Pricing Model (CAPM) is one of the 
most well established and widely used asset-pricing models. It was first developed by 
William Sharpe in 1964 and it relates the expected return on a portfolio or stock to a 
single factor beta or the excess return on a market portfolio. The beauty of the 
model lies in its structural simplicity and ease of interpretation. The fundamental 
basis of CAPM is the linear regression model which links the excess return on stocks 
to a single factor, beta. 
However, Fama and French in their 1992 paper found that the cross-section 
of average stock returns for US stocks in the period 1963 – 1990 was not fully 
explained by the CAPM. In their subsequent paper in 1993, they proposed the Fama 




model can be viewed as an extension of the CAPM with the introduction of two 
additional factors, SMB (small minus big) and HML (high book-to-market equity 
minus low book-to-market equity), which incorporate size and book to market equity. 
The Fama and French three factor model, similar to CAPM, is also based on the linear 
regression model which links the excess return on stocks to three factors, market 
factor, size and book to market equity. 
The two models have their underlying basis in the field of finance, where 
intensive empirical work has been done by various researchers to justify the inclusion 
of these factors in explaining excess returns. In this thesis, we will compare and test 
the effectiveness of these two model using portfolios formed based on Singapore 
companies as well as portfolios formed by Fama and French based on US stocks. We 
also attempt to apply principal component analysis (PCA) on the portfolios formed to 
see if statistically, we can justify the significance of the three factors in explaining 
excess returns.   
1.1 Organization of this thesis 
The remaining sections of this thesis are organized as follows: Chapter 2 
introduces the two asset-pricing models, and review some of the work done for 
these two models. In chapter 3, we describe the Fama French three factor model in 
greater detail while in chapter 4, we formed our portfolios using Singapore stocks. 




factor model to the data and chapter 6 shows the results obtained when we perform 
principal component analysis on the portfolios formed. Finally, we summarize and 





















One of the fundamental concepts in financial economics lies in balancing risk 
and return when investing in assets. In the field of asset pricing theory, the capital 
asset pricing model or CAPM remains the most widely used model about how to 
measure risk and the relation between expected returns and risk. The CAPM was first 
introduced by William Sharpe (Sharpe, 1964) and John Lintner (Lintner, 1965) and 
the model suggested that high expected returns are associated with high level of risk. 
The beauty of the model lies in its ability to relate risk and expected return in a 
straightforward and simple manner. However, the CAPM model does come with 
some assumptions.  It is assumed that (1) all investors are risk averse and make 
decisions on the mean-variance space, (2) there are no taxes or transactions costs, (3) 





The equation for the CAPM is defined as below: 
                             2.1 
where       is the expected return on the portfolio or stock  ,    is the risk-free 
interest rate,       is the expected return on the market portfolio, and   , the 
estimate of beta for portfolio or stock  . In finance, the beta of a stock or portfolio 
describes the volatility of an asset in relation to the volatility of the benchmark that 
the particular asset is being compared to.    is the slope in the linear regression as 
seen in equation (2) with excess return on portfolio  ,         as the dependent 
variable and the excess return on the market,         , as the independent 
variable: 
                                  2.2 
The CAPM predicts that the expected return on an asset or portfolio above 
the risk-free rate to be linearly related to the non-diversifiable risk, which is 
measured by the asset’s beta. It means high (low) value of expected stock return 
tends to be associated with high (low) value of its beta. CAPM has the advantage that 
it is easy to calculate beta from a linear regression, given historical returns on the 
portfolio and the selection of another variable as a proxy for the market. 
The increase in empirical evidence contradicting the prediction of the CAPM 




Fama and French (Fama & French, The Cross-Section of Expected Stock Returns, 1992) 
studied the joint roles of market beta, size, earnings-price ratios, leverage, and book-
to-market equity in the cross-section of average stock returns on NYSE, AMEX, and 
NASDAQ stocks over the period 1963 to 1990. They found that the CAPM was 
violated where beta has almost no explanatory power in explaining average stock 
returns. When used alone, size, leverage, earnings-price ratio, and book-to-market 
equity (BE/ME) do have significant explanatory power in explaining average returns. 
However, when these variables were used jointly, the combination of size and book-
to-market equity seems to absorb the effects of leverage and earnings-price ratio in 
explaining the average stock returns. The authors concluded that if assets were 
priced rationally, stock risks were multidimensional, where one dimension of risk is 
proxy by size and the other dimension of risk is proxy by book-to-market equity. 
Fama and French (Fama & French, 1993)expand on the Fama French (1992) 
study by using a different approach to testing asset-pricing models. In Fama and 
French (1992), they used the cross-section regressions of Fama and MacBeth(1973) 
as the asset considered in the earlier paper involved only stocks. However, in this 
later study, they rationed that if markets were to be integrated, the model should 
also be able to explain bond returns. Hence, in order to extend the analysis to 
include both stocks and bonds, they employed the time-series regression approach 
of Black, Jensen, and Scholes (1972). Monthly returns on stocks and bonds were 




market equity portfolio, a term premium and a default premium. They found that the 
first three factors were significant in explaining variations in stock returns while the 
last two factors were significant for bonds. From these results, Fama and French 
(1993) construct a three-factor asset pricing model for stocks that includes the 
market factor (the single factor in CAPM) and two additional factors related to size 
and book to market equity. They found that this model is able to better capture the 
cross section of average returns of US stocks. The resultant model was latter known 
as the Fama and French Three-Factor-Model. 
Fama and French (1995) looked into greater details the roles book-to-market 
and size play in determining earnings. They concluded that firms with high book-to-
market equity (a low stock price relative to book value) tend to be persistently 
distressed while those with low book-to-market equity (a high stock price relative to 
book value) is associated with sustained strong profitability. Controlling for book-to-
market equity, they found that small stocks tend to have lower earnings on book 
equity relative to big stocks. However, this size effect is largely related to the low 
profits of small stocks after 1980. 
 Fama and French (1998) presented further international evidence on the 
validity of the Fama French three factor model. They tested the model in thirteen 
different markets and found that value stocks outperformed growth stocks in twelve 
markets during the period from 1975 to 1995. These provided out-of-sample 




There have been several studies done testing the Fama French three factor 
model in various different capital markets. Connor and Sehgal (2001) tested the 
Fama French three factor model for the Indian stock market from June 1989 to 
March 1999. They found that the model managed to capture the cross-section of 
average returns which the CAPM missed. They found that the presence of the effects 
of all three Fama-French factors, market, size, and value, on random returns in the 
Indian stock market. Charitou and Constantinidis (2004) examined the Fama French 
three factor model in the Japanese stock market. The study covers the period 1991 
to 2001 and uses all Japanese industrial firms. They concluded that the Fama and 
French model outperforms the CAPM model, with the Fama and French model better 
able to explain the variation of expected stock returns. They found that the size 
factor (SMB) has a greater explanatory power than book-to-market equity factor 
(HML) when the testing portfolios consist of small stocks, whereas the converse 









Chapter 3  
Fama French Three Factor model 
The Fama French three factor model developed by Fama and French in 1993 
can be viewed as an extension to the traditional CAPM model with the addition of 
two additional factors, SMB (Small minus Big) and HML (High minus Low). The Fama-
French three factor model is described in equation 3.1 where the expected excess 
return on portfolio   is 
                                            3.1 
where         ,       , and        are expected premiums, and the factor 
sensitivities or loadings,   ,   , and   , are the slopes in the regression model, 




The model says that the expected return on a portfolio in excess of the risk free rate 
is explained by the sensitivity of its return to three factors: (i) the excess return on a 
broad market portfolio, (ii) the difference between the return on a portfolio of small 
stocks and the return on a portfolio of large stocks (SMB) and (iii) the difference 
between the return on a portfolio of high-book-to-market stocks and the return on a 
portfolio of low-book-to-market-stocks (HML).  
3.1 Motivation behind Fama French factors 
Fama and French(1992b) documented the relation size (ME) and book-to-
market equity (BE/ME) has  on economic fundamentals. Firms with high BE/ME (a 
low stock price relative to book value) tend to have low earnings on assets and 
conversely, low BE/ME (a high stock price relative to book value) is associated with 
persistently high earnings. They found that until 1981, small firms are only slightly 
less profitable than big firms after controlling for BE/ME, while during the 1980-1982 
recession, small firms suffered a prolonged earnings depression. Small firms are 
unable to enjoy the economic boom in the middle and late 1980s.  
They concluded that this may suggest that size is associated with a common 
risk factor that might explain the negative relation between size and average return, 
whereas BE/ME is associated with another common risk factor that might explain the 




portfolios SMB and HML are meant to mimic the risk factor in returns related to size 
and book-to-market equity respectively.  
3.2 Portfolio Construction  
Fama and French construct their mimicking portfolios in the following manner. 
They defined size to be market capitalization, which is obtained by taking price 
multiply by the number of shares, and book-to-market equity, BE/ME, to be the book 
common equity for the fiscal year ending in calendar year t-1, divided by market 
equity at the end of December of year t-1. 
They first formed two groups of stocks: using median size of a stock on NYSE, 
the first group, ‘Big’, contains of all stocks on the NYSE, AMEX and NASDAQ that have 
a size greater than it, while the second group, ‘Small’, contains all smaller stocks. 
They then break NYSE, AMEX, and NASDAQ stocks into three book-to-market equity 
groups based on the breakpoints at the 30th and 70th percentile of the stocks listed in 
NYSE. Those stocks that fall into the bottom 30% were termed as ‘Low’, while those 
stocks that fall into the middle 40% were termed as ‘Middle’, and those stocks that 
fall into the top 30% were termed as ‘High’. These splits are arbitrary and their 
decision to sort them into three groups on BE/ME and only two groups on size was 
due to evidence in Fama and French (1992a) that book-to-market equity has a 




portfolios were formed each year based on the respective categories of size and 
BE/ME combinations. The returns on these portfolios were then estimated. 
The portfolio, small minus big (SMB), proxy the risk factor in returns related 
to size. It is defined as the difference between the average returns of the three ‘Small 
size’ portfolios and the average returns of the three ‘Big size’ portfolios. Similarly, 
high minus low (HML), proxy the risk factor in returns related to book-to-market 
equity. It is defined as the difference between the average returns of the two ‘High 
BE/ME’ portfolios and the average returns of the two ‘Low BE/ME’ portfolios. The 
proxy for the market factor is the total market return minus the risk free rate. 
Creating SMB and HML in this manner leads to the two factors being 
uncorrelated with each other. SMB should be largely free of the influence of BE/ME, 
capturing only on the different return behaviours of small and big stocks while HML 
should be free of the influence of size, capturing only on the different return 










Application to Singapore stock market 
We applied the Fama French three factor model to the Singapore stock 
market in order to see whether size and value factors play a role in the market. The 
financial year in Singapore is from April of calendar year t to March of calendar year 
t+1. We test the model in the Singapore context for six portfolios and twenty five 
portfolios over a fourteen year period. Specifically, it starts on July 1996 and ends on 
June 2009. 
4.1 Data used to form the portfolios 
Singapore is a small country with 640 companies listed with the Singapore 
exchange as of Jan 2010. The share data used in this paper contains the accounting 
information of a total of 750 companies that has been obtained for the years 1985 to 




This information includes book value per share, number of shares outstanding, 
month-end closing prices and common equity and these are found in different Excel 
file. Thus the challenge is to write a program to combine these information for us to 
be able to form portfolios using the methodology detailed by Fama and French. 
Information for most companies were missing for the years 1983 to 1996, as such, 
the analysis was confined include only companies from July 1996 onwards. There are 
some missing observations for some of the individual share series, since some of the 
companies came onto the exchange after 1996 or exit the exchange before 2009. 
The book value per share and number of shares outstanding were available on a 
quarterly basis. The accounting information combined with share price data has been 
used to construct measures of size and value. 
We used the formula      
            
              
  to compute returns for the shares. 
Size, or market equity, is computed using the month-end closing share price multiply 
by the number of shares outstanding. Book-to-market equity is computed using 
common equity divided by market equity. Using these information, we constructed 
six portfolios sorted on two size groups and three value groups, and constructed 
twenty-five portfolios sorted on five size groups and five value groups. These 
portfolios are the dependent variables in the regression model. 
The month- end average buying rates of 3-month T-bill yield is taken to the 




Securities, managed by the Monetary Authority of Singapore. Several other options 
for the risk-free interest rate proxy were considered, including banks’ interest rates 
and the Central Provident Fund’s Ordinary Account interest rates. However they are 
deemed unsuitable as risk-free interest rate proxy. Banks’ interest rates had been 
very low for the recent years and although funds in CPF are risk-free, these funds are 
subjected to withdrawal conditions. 
Data for six and twenty-five portfolios constructed by Fama French for the US 
market was also downloaded from Ken French’s website. The factors for the Fama 
and French three factor model including                were also sourced 
from Ken French’s website and are describe in detail in the next chapter. 
4.2 Derivation of six portfolios in Singapore market 
The analysis follows the methodology described in Fama and French (1993) 
where they used the time series regression approach of Black, Jensen and Scholes 
(1972). However, both financial and non-financial firms were included in the analysis 
and we do not study the bond market.  
Firstly, we need to classify the market according to size and BE/ME. For the 
period from 1996 to 2008, all the companies are ranked according to their size in 
June of year  . The median size of all companies is used to divide them into two 
groups. The small group (S) consists of companies with size smaller than the median 




median value. Dividing the companies this way result in the same amount of stocks 
being categorized as ‘Small’ and ‘Big’, which is different from Fama and French 
(1993). They used the median size of the NYSE instead of the complete sample (NYSE, 
AMEX and NASDAQ) to divide their sample into Small and Big portfolios. As a result, 
the Small portfolio contains more stocks than the Big portfolio, although the market 
value of the Big portfolio is still much larger than the small portfolio. 
Book-to-market equity (BE/ME) for year   is calculated as dividing common 
equity as at end March in year     by market equity as at end December     
since Singapore’s financial year starts from April of calendar year t to March of 
calendar year    . Companies with negative book equity (BE) are excluded when 
calculating the breakpoints for BE/ME or when forming the size-BE/ME portfolios. 
The companies are then categorized into three book-to-market equity groups based 
on the breakpoints for the bottom 30% (Low), middle 40% (Medium), and top 30% 
(High) of the ranked values of BE/ME for the companies. These split points are 
arbitrary determined and Fama and French (1993) argued that the tests are not 
sensitive to the choice of the split points. 
Using the five size and BE/ME groups, six portfolios (SL, SM, SH, BL, BM, BH) 
are constructed from the intersection. Fama and French (1993) obtained value-
weighted returns from these portfolios. However, for simplicity sake, we take the 




stocks they include. The equal-weighted portfolios are calculated by the following 
formula:  
    
 
                  4.1 
where      is the  ’s portfolio return in 
   month,     is  
   stock return in    
month and   is the number of stocks in portfolio  . Portfolio SL consists of small and 
low BE/ME stocks, portfolio SM consists of small and medium BE/ME stocks, 
portfolio SH consists of small and high BE/ME stocks, portfolio BL consists of big and 
low BE/ME stocks, portfolio BM consists of big and medium stocks, and portfolio BH 
consists of big and high BE/ME stocks.  The formation of the six portfolios are defined 
in the above manner for the period July of year   to June of year    , and these 
portfolios are reformed in June of year    .  
4.3 Derivation of the three Fama French Factors  
The two additional variables defined by Fama and French are derived from 
the six portfolios defined above. The SMB (size) factor can be calculated by taking the 
difference each month between the simple average of the returns of the three small 
stock portfolios (SL, SM and SH) and the simple average of the returns of the three 
big stock portfolios (BL, BM and BH). The HML (value) factor can be created in a 




average of the returns of the two high BE/ME portfolios (SH and BH) and the simple 
average of the returns of the two low BE/ME portfolios (SL and BL). Algebraically: 
      
                       
 
 
      
                 
 
 
 From the way these two factors are created, SMB proxies the risk factor in 
returns related to size, without the influence of BE/ME effects while HML proxies the 
risk factor in returns related to book-to-market equity without the influence of the 
size effect. We found little correlation between this two risk factors, with ρ = 0.029. 
The proxy for the market factor would be the excess market return, the 
difference between the equally-weighted return on the above six portfolios and the 
risk free interest rates. 
4.4 Construction of the 25 dependent variables portfolios 
We follow Fama French (1993) and construct 25 additional portfolios to be 
used as the dependent variables for the time-series regression. These portfolios are 
formed based on size and BE/ME in order to test whether SMB and HML portfolios 
factors are able to capture common factors in the stock returns which should be 




were used as the dependent variables in the model fitting. The construction of the 25 
portfolios is similar to the construction of the size-BE/ME portfolios.  
The data is sorted by size and BE/ME and five size quintiles and five book-to-
market quintiles were obtained respectively. The five portfolios created based on 
size are as follows: the bottom 20% will be classified as Size1, the next 20% - 40% as 
Size2, the next 40%-60% as Size3, and next 60%-80% as Size4 and the top 20% as 
Size5. Using the definition of ‘Small’ and ‘Big’ portfolios, Size1 and Size2 consist of 
the small stocks while Size4 and Size5 consist of the big stocks. Size3 consists of a 
mixture of small and big stocks. Similarly, we obtained five portfolios created based 
on BE/ME: the bottom 20% will be classified as BEME1, the next 20% - 40% as BEME2, 
the next 40%-60% as BEME3, and next 60%-80% as BEME4 and the top 20% as 
BEME5. Based on the intersection of these quintiles, 25 portfolios were obtained and 
their monthly simple weighted returns on the portfolios from July of year   to June of 












Empirical results  
Fama French three factor model extends the traditional CAPM by including 
two additional factors, SMB, a proxy for size, and HML, a proxy for value. Let 
        denote the excess return for portfolio   in month  ,         the excess 
return to the market portfolio,      the return to the size factor portfolio, and 
     the return to the value factor portfolio. The model can be estimated using 
multivariate regression: 
                                                5.1 
where   ,    and    are the market, size and value factor of portfolio   respectively, 
and    is the intercept term. Two other variants of the Fama French three factor 
model were fitted where various restrictions were imposed upon (1). In the first case, 




return to the market portfolio remains the only independent variable explaining the 
dependent variable. In the second case, SMB and HML were used to model excess 
portfolio returns without the market factor (     for all  ). Lastly, all three factors 
were used to model excess portfolio returns. 
5.1 Results using 25 portfolios 
Monthly returns in excess of the risk free rate obtained from the 25 portfolios 
formed using Singapore stocks were regressed on different combinations of the 
following variables excess market returns, SMB and HML.  
The estimates for the CAPM are shown in Table 1, the estimates for the 
model with SMB and HML are shown in Table 2, and the estimates for the Fama 
French three factor model are shown in Table 3. 
Given rational pricing, in order to justify their use in the asset pricing model 
the factors must contribute substantially to the risk of well-diversified portfolios. 
When used alone, the market factor plays a significant role and is able to explain a 
large fraction of common variation in stock returns for the 25 portfolios. Beta was 
significant for all 25 portfolios while the intercept remains insignificant for all except 
portfolio Size3BEME3. The CAPM produces a high adjusted R2 of 97.1% to 99.7%, 
however, adjusted R2 declined to less than 5% when SMB and HML are used without 
the market factor. HML remained insignificant in explaining the variation in the 




at the 95% level for explaining the variations for only three portfolios (Size1BEME3, 
Size2BEME2, Size3BEME5, Size4BEME4). The intercept term, however, remains 
insignificant for all 25 portfolios, which may be an indication of pricing error. 
Table 1:                            
Size, BE/ME      Adjusted R2 
Size1, BEME1 0.026 1.024*** 0.970 
Size1, BEME2 -0.019 0.992*** 0.991 
Size1, BEME3 -0.014 1.003*** 0.974 
Size1, BEME4 0.007 1.005*** 0.987 
Size1, BEME5 0.001 0.998*** 0.986 
Size2, BEME1 -0.024 0.998*** 0.990 
Size2, BEME2 0.032 1.016*** 0.988 
Size2, BEME3 -0.002 0.999*** 0.993 
Size2, BEME4 -0.006 1.001*** 0.990 
Size2, BEME5 -0.003 0.997*** 0.990 
Size3, BEME1 -0.027 0.988*** 0.985 
Size3, BEME2 -0.019 0.999*** 0.993 
Size3, BEME3 -0.035* 0.986*** 0.992 
Size3, BEME4 0.011 1.007*** 0.991 
Size3, BEME5 0.015 1.006*** 0.992 
Size4, BEME1 0.012 1.010*** 0.995 
Size4, BEME2 -0.006 1.000*** 0.997 
Size4, BEME3 0.015 1.005*** 0.995 
Size4, BEME4 0.006 0.999*** 0.997 
Size4, BEME5 0.028 1.010*** 0.987 
Size5, BEME1 -0.027 0.988*** 0.985 
Size5, BEME2 0.010 1.009*** 0.990 
Size5, BEME3 -0.004 0.983*** 0.987 
Size5, BEME4 0.010 0.998*** 0.991 







Table 2:                               
Size, BE/ME       Adjusted R2 
Size1, BEME1 -1.468*** 1.907 -1.965 0.005 
Size1, BEME2 -1.622*** 1.975 -0.403  -0.006 
Size1, BEME3 -1.574*** 3.294* 0.266  0.030 
Size1, BEME4 -1.688*** 2.362 1.300 0.019  
Size1, BEME5 -1.575*** 1.627 0.275 -0.007 
Size2, BEME1 -1.571*** 0.477 -0.754 -0.014  
Size2, BEME2 -1.498*** 3.202* -0.201  0.030  
Size2, BEME3 -1.612*** 0.091 0.507  -0.017  
Size2, BEME4 -1.567*** 2.254 -1.707 0.012  
Size2, BEME5 -1.576*** 1.984 1.154 0.013  
Size3, BEME1 -1.621*** 1.871 0.184 0.005  
Size3, BEME2 -1.678*** 2.574 -1.275  0.011 
Size3, BEME3 -1.536*** 0.778 -0.970 -0.011  
Size3, BEME4 -1.642*** 0.184 0.918 -0.011  
Size3, BEME5 -1.506*** 3.019* 1.184  0.029 
Size4, BEME1 -1.566*** 1.030 -0.720 -0.008  
Size4, BEME2 -1.540*** -0.007 -0.566 -0.016  
Size4, BEME3 -1.482*** 1.020 -1.065 -0.009  
Size4, BEME4 -1.567*** 2.586* -0.4795 0.017 
Size4, BEME5 -1.720*** -0.873 1.308 -0.007  
Size5, BEME1 -1.621*** 1.871 0.184  0.005  
Size5, BEME2 -1.571*** -0.704 0.103  -0.014 
Size5, BEME3 -1.556*** 2.138 -0.171 0.008  
Size5, BEME4 -1.517*** 0.028 -0.499 -0.017  










Table 3:                                          
Size, BE/ME         Adjusted R2 
Size1, BEME1 0.032 1.018*** 0.853** -1.070*** 0.976 
Size1, BEME2 -0.015 0.990*** 0.625*** -0.120 0.992 
Size1, BEME3 -0.026 0.995*** 0.712** 0.439* 0.977 
Size1, BEME4 -0.004 0.999*** 0.451** 0.397** 0.989 
Size1, BEME5 -0.007 0.997*** 0.986*** 0.622*** 0.991 
Size2, BEME1 -0.018 0.997*** 0.177 -0.401** 0.990 
Size2, BEME2 0.035* 1.012*** 0.327* -0.677*** 0.990 
Size2, BEME3 -0.003 0.998*** 0.273* 0.220* 0.994 
Size2, BEME4 -0.006 1.000*** 0.340* 0.149 0.990 
Size2, BEME5 -0.010 0.993*** 0.294* 0.355** 0.991 
Size3, BEME1 -0.016 0.988*** 0.446*** -0.632*** 0.988 
Size3, BEME2 -0.018 0.998*** -0.061 -0.467** 0.993 
Size3, BEME3 -0.032* 0.986*** 0.088 -0.222 0.992 
Size3, BEME4 0.004 1.006*** -0.098 0.330** 0.991 
Size3, BEME5 0.011 1.005*** 0.056 0.613*** 0.994 
Size4, BEME1 0.012 1.012*** -0.404*** -0.021 0.995 
Size4, BEME2 -0.006 1.000*** -0.407*** -0.080 0.997 
Size4, BEME3 0.013 1.006*** -0.290* -0.034 0.995 
Size4, BEME4 0.008 1.005*** -0.364*** 0.095 0.998 
Size4, BEME5 0.014 1.007*** -0.396* 0.558*** 0.989 
Size5, BEME1 -0.016 0.988*** 0.446*** -0.633*** 0.988 
Size5, BEME2 0.008 1.009*** -0.695*** -0.084 0.992 
Size5, BEME3 -0.001 0.987*** -0.377** -0.247 0.988 
Size5, BEME4 0.013 0.998*** -0.263 -0.217 0.992 
Size5, BEME5 0.007 1.001*** -0.580*** 0.270 0.988 
 
Market factor thus has the most contribution in explaining the variation of 
stock returns for the 25 portfolios. The addition of both factors SMB and HML as 
explanatory variables into the CAPM increases the explanatory power of the model. 
However, this increase is slight. The Fama French model produces slightly higher 




T-tests show that the coefficients of the risk factors either SMB or HML are 
not statistically significant at the 5% level of significance in at least 14 portfolios. For 
portfolios Size3BEME3 and Size5BEME4, both SMB and HML were not statistically 
significant, reducing to the Fama French three factor model to just the CAPM. 
Despite the slightly higher adjusted R2 observed from the Fama French three factor 
model, it seems that just the single factor CAPM model suffices in explaining the 
variations in the returns of the 25 portfolios formed based on Singapore market.  
25 portfolios formed on size and book-to-market was downloaded from Fama 
French data library. The portfolios spanned a longer time period from Jul 1926 to Dec 
2010. Similar regressions are done to the 25 portfolios and the results of both CAPM 
and Fama French three factor model are shown in Table 4 and Table 5 respectively.  
The results obtained using Fama French 25 portfolios differ from the results 
obtained from the Singapore’s case. When used alone, the market factor remains 
significant for all 25 portfolios, explaining a much lower 52.5% to 91.1% of variation 
in returns. The inclusions of SMB and HML, in addition to the market factor, 
contribute to explaining these portfolio returns, resulting in a higher adjusted R2 for 
all 25 portfolios. Unlike results obtained from Fama French model for the 25 
portfolios obtained using Singapore’s data, the value factor, HML, remains significant 
in all 25 portfolio while the size factor, SMB, remains significant in all but one 




largest quintile. This supported the conclusion that Fama French three factor model 
outperforms CAPM in explaining variation in the US stock market.  
Table 4:                             
Size, BE/ME α   Adjusted R2 
Size1, BEME1 -0.335 1.624*** 0.508 
Size1, BEME2 0.238 1.490*** 0.502 
Size1, BEME3 0.383* 1.401*** 0.635 
Size1, BEME4 0.550** 1.330*** 0.619 
Size1, BEME5 0.936*** 1.439*** 0.549 
Size2, BEME1 -0.251 1.305*** 0.703 
Size2, BEME2 0.171 1.329*** 0.774 
Size2, BEME3 0.363** 1.220*** 0.750 
Size2, BEME4 0.315** 1.265*** 0.765 
Size2, BEME5 0.362* 1.406*** 0.713 
Size3, BEME1 -0.163 1.301*** 0.806 
Size3, BEME2 0.174* 1.156*** 0.858 
Size3, BEME3 0.277** 1.171*** 0.851 
Size3, BEME4 0.321*** 1.145*** 0.810 
Size3, BEME5 0.344* 1.437*** 0.754 
Size4, BEME1 -0.003 1.092*** 0.869 
Size4, BEME2 0.048 1.115*** 0.895 
Size4, BEME3 0.151* 1.124*** 0.874 
Size4, BEME4 0.211* 1.2113*** 0.827 
Size4, BEME5 0.172 1.496*** 0.747 
Size5, BEME1 -0.163 1.302*** 0.806 
Size5, BEME2 0.061 1.038*** 0.935 
Size5, BEME3 0.057 1.071*** 0.888 
Size5, BEME4 0.043 1.182*** 0.793 








Table 5:                                         
Size, BE/ME   β     Adjusted R
2 
Size1, BEME1 -0.619** 1.309*** 1.315*** 0.438*** 0.636 
Size1, BEME2 -0.082 1.109*** 1.630*** 0.466*** 0.725 
Size1, BEME3 0.077 1.098*** 1.207*** 0.511*** 0.830 
Size1, BEME4 0.183 0.991*** 1.307*** 0.639*** 0.882 
Size1, BEME5 0.382** 1.011*** 1.495*** 1.054*** 0.874 
Size2, BEME1 -0.274** 1.111*** 1.080*** -0.147*** 0.866 
Size2, BEME2 -0.001 1.111*** 0.956*** 0.235*** 0.919 
Size2, BEME3 0.141* 0.992*** 0.927*** 0.361*** 0.923 
Size2, BEME4 0.021 1.031*** 0.833*** 0.551*** 0.939 
Size2, BEME5 -0.063 1.107*** 0.973*** 0.842*** 0.937 
Size3, BEME1 -0.165* 1.170*** 0.752*** -0.137*** 0.898 
Size3, BEME2 0.097 1.041*** 0.529*** 0.086*** 0.920 
Size3, BEME3 0.109 1.038*** 0.471*** 0.316*** 0.924 
Size3, BEME4 0.088 0.983*** 0.525*** 0.462*** 0.923 
Size3, BEME5 -0.070 1.212*** 0.573*** 0.890*** 0.916 
Size4, BEME1 0.101 1.082*** 0.245*** -0.298*** 0.909 
Size4, BEME2 -0.027 1.042*** 0.288*** 0.128*** 0.920 
Size4, BEME3 0.020 1.037*** 0.274*** 0.265*** 0.912 
Size4, BEME4 -0.042 1.092*** 0.242*** 0.563*** 0.913 
Size4, BEME5 -0.253* 1.293*** 0.418*** 0.945*** 0.891 
Size5, BEME1 -0.165* 1.170*** 0.752*** -0.137*** 0.898 
Size5, BEME2 0.030 1.035*** -0.037* 0.081*** 0.938 
Size5, BEME3 -0.067 1.042*** -0.051** 0.308*** 0.918 
Size5, BEME4 -0.233** 1.102** -0.025 0.668*** 0.897 
Size5, BEME5 -0.100 1.113*** 0.051 0.758*** 0.812 
 
A look into the return series of the 25 portfolios showed that some portfolios 
contained no stocks for some years. As Singapore is a relatively small economy, 
forming 25 portfolios may be stretched and this may affect the performance of the 
Fama French three factor model results. Hence, using the six portfolios formed 




used as the dependent variables and similar regression models are fitted to it. Before 
looking at the regression results, the next section first look at some descriptive 
statistics obtained from the six portfolios. 
5.2 Descriptive returns for the six portfolios 
Table 6 shows the mean monthly excess return of the six portfolios. With the 
exception of portfolio BH (Big size and High BEME), the mean monthly excess return 
of the remaining five portfolios were all negative. This finding seems reasonable as 
the sample period (Jul 1996 to Dec 2009) saw one of the worse financial crisis 
experienced by Singapore (world economic crisis in 2008).  
Table 6: Mean and standard deviation for the six portfolios 
  SL SM SH BL BM BH 
Mean -0.015 -0.020 -0.009 -0.014 -0.001 0.001 
Standard deviation 0.147 0.142 0.133 0.089 0.106 0.117 
 
The three big firm portfolios (BL, BM and BH) outperform the respective small 
firm portfolios, an effect inconsistent with the findings of Fama and French in the US 
equity market. Also, the three big firm portfolios have a smaller standard deviation 
compared to their respective small firm portfolios. Big stock portfolios seem to be 
offering higher returns with lower volatility. 
We next looked at the mean excess returns for the three explanatory 




market has a mean return of -1.63 indicating that the market was not performing 
well during the sample period. SMB showing a negative mean indicates that on 
average, big size effect exists where big firms generally outperforms small firms. 
Lastly, the HML value shows a value effect consistent with the portfolio returns and 
Fama and French (1993). 
Table 7: Mean and standard deviation for the three Fama French factors 
  SMB HML Market 
Mean -0.010 0.011 -1.631 
Standard deviation 0.065 0.066 0.912 
 
5.3 Results obtained from the six portfolios 
Table 8 shows the regression coefficients of the market factor, SMB, and HML 
when the Fama French model was fitted and provides evidence in support of the 
model in explaining the cross section of Singapore’s expected stock returns.  
Table 8:                                            
  α         Adjusted R2 
SL 0.020* 1.007*** 0.520*** -0.823*** 0.997 
SM -0.012 0.996*** 0.681*** 0.182** 0.996 
SH -0.003 0.998*** 0.385*** 0.498*** 0.999 
BL -0.013* 0.996*** -0.576*** -0.328*** 0.999 
BM 0.008 1.001*** -0.397*** -0.165*** 0.998 





The regression intercepts in both Fama French three factor model and the 
Capital Asset Pricing model play the role of pricing error. If the risk factors explain the 
variability in these portfolios, the estimated pricing error should equal to zero. The 
closer the intercept is to 0, the better the model is able to price the portfolio as the 
model appears to be more effective. Looking at the regression coefficients of the six 
portfolios, the intercepts for portfolios SM, SH, BM and BH are insignificant at the 5% 
level while the intercepts for portfolios SL and BL are significant at the 5% level. The 
intercepts for portfolios SL and BL are 0.0203 and -0.0131 respectively. The 
significance of the intercept term for the two portfolios suggests that the Fama 
French model may not be valid when explaining these two portfolios.  
In all six portfolios, adjusted R2 remained very high at above 99% with the 
model explaining 99% of the variation of the stock prices. The t-tests show that the 
coefficients of the three risk factors, market factor, SMB, and HML are statistically 
significant at the 5% level. The beta coefficients for the market factor are positive for 
the six portfolios and have a value close to 1, which is consistent with the findings 
reported by Fama and French. The coefficient for SMB is positive for all the small size 
portfolios (SL, SM and SH) and becomes negative for the big size portfolios (BL, BM 
and BH) which confirm the existence of the small firm effect. Similarly, the coefficient 
for HML is negative for those portfolios with low book-to-equity (SL and BL) and 
becomes positive for those portfolios with high book-to-equity (SH and BH). This is 




to-market equity firms have positive slopes on SMB and HML whereas big and low 
book-to-market-equity firms have negative slopes on SMB and HML. 
Table 9a shows the regression results when the CAPM is fitted to the six 
portfolios and Table 9b shows the regression results when SMB and HML are fitted 
without the market factor. When used alone, the market factor is able to explain 
most of the variation of stock return for the six portfolios, producing an adjusted R2 
above 99%. The inclusion of SMB and HML to extend the CAPM to Fama French 
Three factor model only increased adjusted R2 slightly. However, when market factor 
is removed with just SMB and HML in the model, adjusted R2 of the model fall to less 
than 2%, with three models having a negative adjusted R2. SMB and HML remain 
insignificant for all 6 portfolios. Thus, in Singapore’s context, although Fama French 
three factor model is an appropriate model to explain the variation of stock returns, 
most of these variations are captured mainly by the market factor.  
Table 9a:                             
  α β Adjusted R2 
SL 0.006 1.007*** 0.992 
SM -0.007 1.002*** 0.994 
SH 0.007 1.003*** 0.996 
BL -0.020* 0.990*** 0.996 
BM 0.004 0.997*** 0.997 










Table 9b:                              
  α s h Adjusted R2 
SL -1.615*** 1.972 0.009 0.007 
SM -1.630*** 2.117 1.005 0.016 
SH -1.625*** 1.825 1.322 0.014 
BL -1.631*** 0.860 0.494 -0.008 
BM -1.618*** 1.046 0.661 -0.005 
BH -1.621*** 1.007 1.181 -9.809e-05 
 
Table 10a shows the regression coefficients of the market factor, SMB, and 
HML when the Fama French model was fitted to the six portfolios downloaded from 
Fama and French website. Table 10b shows the corresponding results when CAPM 
was fitted to the data. Unlike Singapore’s context where the Fama French provides 
slightly better model fit than the Capital asset pricing model, this is not the case in 
the US context. The inclusion of the additional two Fama French factors improve the 
model fit greatly, with adjusted R2 ranging from 90% to 96%, a great improvement 
from the 65% to 94% obtained when the CAPM was fitted. The market factor and 
SMB remained significant for all six portfolios, while HML was significant in all except 
the portfolio SL. Fama French three factor model seems better able to describe stock 













Table 10a:                                           
  α Β S H Adjusted R
2
 
SL -0.206* 1.105*** 1.126*** 0.007 0.896 
SM 0.147* 1.010*** 0.999*** 0.363*** 0.945 
SH 0.235** 1.031*** 1.218*** 0.861*** 0.931 
BL 0.028 1.071*** 0.175*** -0.193*** 0.960 
BM 0.002 1.049*** 0.191*** 0.307*** 0.953 
BH -0.126* 1.153*** 0.282*** 0.774*** 0.939 
 
Table 10b:                            
  α Β Adjusted R2 
SL -0.118 1.327*** 0.723 
SM 0.374** 1.253*** 0.756 
SH 0.685*** 1.380*** 0.651 
BL -0.040 1.081*** 0.940 
BM 0.145* 1.126*** 0.916 












Principal Component analysis 
Empirically, observed return series display similar characteristics which hints 
that there may exist common sources, or common factors, that drive them. Tsay 
(2005) mentioned three types of factor models that are commonly used to study 
asset returns. The first type uses macroeconomic variables to model the common 
behavior of asset returns, and this kind of models are known as the macroeconomic 
factor models. Fama and French three factor model belongs to the second type, 
fundamental factor models, where firm or asset specific attributes are used to 
construct common factors to describe asset returns. The last type, statistical factor 
models, treats the common factors as unobservable and made use of statistical 
techniques to estimate them from the return series.  
Principal Component analysis is a statistical procedure commonly used to 




variables, principal component analysis uses orthogonal transformation to 
decompose the variables into a reduced set of linearly uncorrelated principal 
components, filtering out noise in the data. Another commonly used statistical 
technique used to reduce the dimensionality in high dimension data is factor analysis 
where a few underlying components can be extracted from the data. Shukla and 
Trzcinka (1990) concluded that principal component analysis is at least as good as 
factor analysis. In the following section, we concentrate on principal component 
analysis. 
An important component of portfolio selection lies in the covariance 
structure of a return series. Given a k-dimensional random variable            
  
with covariance matrix   , principal component analysis decomposed the variables 
into a few linear combinations of   , called the principal components, to explain the 
structure of   , i.e.           
 
   , where        . In the application to 
portfolio selection,    consists of the returns of   stocks, and    is the return of a 
portfolio that assigns weight    to the  
   stock. 
The principal components are sorted based on the amount of variance they 
captured, with the first principal component explaining the largest part of the 
variation in the data. Typically, the first few principal components are able to capture 




In this section, we compared the principal components obtained from the 6 
and 25 portfolios with the Fama French factors and attempt to draw some 
relationship between the two set of variables. 
 
6.1 Principal Components obtained from 6 portfolios 
 Principal component analysis was applied to the monthly returns from the six 
portfolios, SL, SM, SH, BL, BM and BH, formed. A variety of stopping rules to 
determine the number of principal components had been proposed. One of the 
various stopping rules commonly used is the screeplot, where one determine the 
appropriate number of principal components by looking at the plot of the 
eigenvalues ordered from the largest to the smallest. However, for the purpose of 
our study and the focus on Fama French factors, we concentrate on the first three 
principal components and study their correlation with the three Fama French factors. 
Table 11 shows the variance explained by the first three principal components. 
For the six portfolios formed on Singapore’s stocks, the first principal component 
(PC1) explains 77% of the variability in the data, the second principal component 
(PC2) explains 7% and the third principal component (PC3) explains 6%. In all, the 
first three principal components were able to explain a total of 90% of the variability 
in the returns of the portfolios. Similar results are obtained when principal 




first three principal components explained a total of 99%, with the first principal 
component explaining 91% of the variability and the second and third principal 
component explaining an additional 4% and 4% respectively. 
Table 11: Proportion of variance explained by the first three principal components 
 
PCA: 6 portfolios formed using Singapore's stocks 
Principal component PC1 PC2 PC3 PC4 PC5 PC6 
% of total variance 77.4% 84.0% 89.7% 93.8% 97.5% 100.0% 
PCA: 6 portfolios formed by Fama and French 
Principal component PC1 PC2 PC3 PC4 PC5 PC6 
% of total variance 90.7% 95.1% 98.7% 99.3% 99.8% 100.0% 
Table 12 gave the signs of the corresponding eigenvectors of the first three 
principal components. The first eigenvector is negative for all six portfolios, and 
hence, the first principal component is made up of the linear combination of the 
negative of the monthly excess returns from the six portfolios. The six portfolios 
contribute rather evenly to the first principal components, with the eigenvectors 
ranging from -0.39 to -0.42. The first principal component resembles the market 
factor, except for the difference in signs. The second eigenvector is negative for the 
three ‘Big’ portfolios, BL, BM and BH, and is positive for two of the three ‘Small’ 
portfolios SM and SH. The second principal component resembles the second Fama 
French factor, SMB, except for portfolio SL which receives a negative weight instead 
of a positive weight. The third eigenvector is positive for the portfolios SL and BM, 
and is negative for the portfolios SM, SH, BL and BH. The two ‘Medium’ portfolios, 
SM and BM, contributed the least to the third principal component, with weights -




the third Fama French factor, HML, except for the portfolio SH which received a 
negative weight.  
Table 12: Factor loadings of the first three principal components 
  
PCA: 6 portfolios formed using 
Singapore's stocks   
PCA: 6 portfolios formed by Fama and 
French 
Loadings PC1 PC2 PC3 
 
PC1 PC2 PC3 
SL -0.395 -0.182 0.835 
 
-0.406 0.339 0.534 
SM -0.397 0.736 -0.041 
 
-0.419 0.314 0.050 
SH -0.421 0.332 -0.207 
 
-0.406 0.517 -0.279 
BL -0.400 -0.485 -0.475 
 
-0.398 -0.534 0.497 
BM -0.420 -0.189 0.0770 
 
-0.413 -0.435 -0.200 
BH -0.415 -0.209 -0.165   -0.407 -0.214 -0.590 
 
Similar characteristics of the eigenvectors are observed for the six portfolios 
formed by Fama and French and the resemblance among the three principal 
components and the three Fama French factors are clearer (Table 12). The first 
eigenvector resembles the market factor, with negative loadings for all six portfolios. 
The six portfolios contribute rather evenly to the first principal component, with the 
eigenvectors ranging from -0.39 to -0.42. Unlike the case observed in the Singapore’s 
context, the second eigenvector is positive for the three ‘Small’ portfolios and 
negative for the three ‘Big portfolios’ and the second principal component resembles 
the second Fama French factor, SMB. The third eigenvector is positive for the 
portfolios SH, BM and BH and negative for the portfolios SH, BM and BH and shared 




difference between the average of the two high portfolios (SH and BH) and the 
average of the two low portfolios (SL and BL). The third principal component is the 
linear combination of the six portfolios with the three portfolios, SL, BL and BM, 
having the strongest weightage (0.53, 0.50 and -0.59 respectively). The portfolio SM 
contributed the least to the third principal component, with a weight of 0.05. 
However, the contribution by the portfolio BM wasn’t small at -0.20, unlike the case 
in Singapore’s six portfolios where both portfolios SM and BM contributed less than 
0.1 to the third principal component.  
Despite the resemblance the principal components has to the Fama French 
factors, several differences exist among the two. Firstly, the principal components 
are constructed to capture the variability in the data, while the three Fama French 
factors are to explain the expected returns in the data. Secondly, due to the way 
principal components are form, the three principal components are uncorrelated 
while the Fama French factors are correlated with each other. 
We next look at the correlations between the three principal components and 
the three Fama French factors, excess return on the market, SMB and HML (Table 13). 
For the six portfolios formed using Singapore’s stocks, the first principal component 
has a low negative correlation of -0.23 with the excess market return despite the 
strong resemblance the first principal component has with the market factor. The 
second principal component has a high positive correlation of 0.68 with the SMB 




the HML factor. The strong correlations the second and the third principal 
component have with the SML factor and the HML factor respectively are not 
surprisingly given the strong resemblance the principal components make up have 
with the two factors. What was unexpected, however, was the low correlation 
observed between the first principal component and the market factor. A further 
check showed that the first principal component is highly correlated negatively with 
the six portfolios. Hence the first principal component has a larger correlation with 
the individual portfolios relative to the market factor, which is a linear combination 
of the six individual portfolios. However, this still does not provide a good 
explanation for the low correlation observed.  
Table 13: Correlations of Principal Components with Fama French factors 
  
PCA: 6 portfolios formed using 
Singapore's stocks   
PCA: 6 portfolios formed using 
Singapore's stocks 
  Market SMB HML 
 
Market SMB HML 
PC1 -0.230 -0.459 -0.182 
 
-0.936 -0.558 -0.341 
PC2 -0.007 0.676 0.424 
 
-0.284 0.586 0.212 
PC3 0.036 0.425 -0.558   0.071 0.185 -0.768 
 
Unlike the low level of correlation observed between the first principal 
component and the market factor in Singapore’s context, the same cannot be said 
for the portfolios formed by Fama and French (Table 13). The first principal 
component has a high negative correlation (-94%) with the market factor. The 
market factor is proxied by the excess market return, where the market portfolio is 




negative BE stocks that were excluded in the construction of the six portfolios. Hence, 
the market factor contains stocks found in all six portfolios, with the inclusion of 
additional stocks. Similarly, the first principal component is the linear combination of 
all the six portfolios (same sign) with almost equal contributions. The second and the 
third principal components are highly correlated with SMB and HML, with 
correlations being 59% and -77% respectively. The strong correlations observed 
between the principal components and the respective Fama French factors are not 
surprising due to how similarly the principal components and the factors are 
constructed based on the six portfolios. 
The strong correlations observed previously suggested that the principal 
components may be good substitutes for the Fama French factors. Hence, we 
regressed the excess returns of the six portfolios on the three principal components 
and the coefficients obtained from this regression can be found in Table 14. Using 
the principal components formed in the Singapore’s context, this model yields 
disappointing results, with the three principal components explaining less than 6% of 
the variations found in the six portfolios. In the six regressions, the first principal 
component remains the only factor that is statistically significant in modeling the 
portfolio returns. In the previous subsection, we concluded that market factor 
remains the most important factor in explaining the expected stock returns. With the 




absence of a proxy for market factor most likely results in the bad fit for this new 
model. 
Table 14:                                           
  α B C d Adjusted R2 
SL -1.635*** -0.105** -0.045 0.180 0.057 
SM -1.641*** -0.104** 0.086 0.052 0.046 
SH -1.629*** -0.103** 0.026 0.030 0.042 
BL -1.634*** -0.083* -0.061 0.016 0.022 
BM -1.621*** -0.092** -0.038 0.066 0.031 
BH -1.619*** -0.096** -0.043 0.038 0.034 
 
We next regressed the principal components on the six portfolios downloaded 
from Fama French (Table 15). Unlike the situation in Singapore’s stock where the 
model fit was bad, this model provides a good fit, with an adjusted R2 above 98% for 
the six portfolios. Adjusted R2 obtained with this new model was higher than the 
original Fama French three factor model for all six portfolios. The three principal 
components remained significant for all the six portfolios. Similar to the results 
obtained from the Fama French model, the three small portfolios load positively 
while the three big portfolios load negatively on the second principal component. As 
the third principal component has a negative correlation with HML, the two low 
portfolios (SL and BL) load positively while the two high portfolios (SH and BH) load 
negatively on the third principal component. However, there exists a shortcoming 




significant for all six portfolios, indicating that pricing error exists in this new model 
and hence diminish the effectiveness of this model in pricing the portfolios. 
Table 15:                                           
          Adjusted R
2 
SL 0.717*** -3.454*** 2.908*** 4.552*** 0.987 
SM 1.162*** -3.296*** 2.491*** 0.410*** 0.983 
SH 1.553*** -3.789*** 4.844*** -2.585*** 0.986 
BL 0.640*** -2.424*** -3.214*** 3.033*** 0.991 
BM 0.853*** -2.650*** -2.757*** -1.269*** 0.985 
BH 1.039*** -3.225*** -1.664*** -4.656*** 0.985 
 
  Using principal components on portfolios formed based on size and value, we 
are able to reproduce factors that mimic three Fama French factors. In the US 
context, there is a clear relationship between the principal components obtained and 
the Fama French factors. This relationship is, however, not clear in the Singapore’s 
context, especially the relationship between the first principal component and the 
market factor.  We next perform principal component analysis to the 25 portfolios 
formed by Fama and French to further establish whether the relationship exist 
between the three Fama French factors and the principal components. 
6.2 Principal Components obtained from 25 portfolios 
Similarly observed, the first three principal components are able to explain 
the majority (91%) of the variation in portfolio returns, with the first principal 
component explaining 84% of the total variation and the second and third principal 






Table 16 gave the signs of the corresponding eigenvectors of the first three 
principal components. The loadings for the first principal component are negative for 
all twenty-five portfolios, and hence, the first principal component is made up of the 
linear combination of the negative of the monthly excess returns from the twenty-
five portfolios. The twenty five portfolios contribute rather evenly to the first 
principal components, with the eigenvectors ranging from -0.12 to -0.22. Like the 
case of the six portfolios, the first principal component resembles the negative of the 
market factor, which is the equally-weighted return of all the stocks found in the 
twenty-five portfolios, including those stocks with negative book-to-market equity. 
The second eigenvector is negative for the five Size1 and five Size2 portfolios, as well 
as the first Size3 portfolio, Size3BEME1, and is positive for the remaining 4 Size 3 
portfolios and the five Size4 and Size5 portfolios.  The five Size3 portfolios’ 
contribution to the second principal component appears to be negligible compared 
to the rest. The second principal component resembles the negative of the second 
Fama French factor, SMB, which is the difference of the average of the three small 
size portfolios and the average of the three big size portfolios. In the case of twenty 
five portfolios, portfolios Size1 and Size2 are the ten small size portfolios while 




component’s relationship to the third Fama French factor, HML, is less clear as 
compared to the previous two principal components.   
Table 16: Factor loadings for the first three principal components 
  PC1 PC2 PC3 
Size1, BEME1 -0.176 -0.260 0.016 
Size1, BEME2 -0.182 -0.349 -0.063 
Size1, BEME3 -0.198 -0.245 0.024 
Size1, BEME4 -0.201 -0.309 0.059 
Size1, BEME5 -0.194 -0.355 0.150 
Size2, BEME1 -0.197 -0.142 -0.254 
Size2, BEME2 -0.210 -0.104 -0.098 
Size2, BEME3 -0.211 -0.125 -0.019 
Size2, BEME4 -0.212 -0.086 0.066 
Size2, BEME5 -0.208 -0.136 0.130 
Size3, BEME1 -0.204 -0.021 -0.258 
Size3, BEME2 -0.210 0.082 -0.142 
Size3, BEME3 -0.212 0.076 -0.008 
Size3, BEME4 -0.212 0.0270 0.056 
Size3, BEME5 -0.207 0.0059 0.185 
Size4, BEME1 -0.196 0.183 -0.347 
Size4, BEME2 -0.210 0.168 -0.110 
Size4, BEME3 -0.210 0.144 -0.012 
Size4, BEME4 -0.208 0.124 0.132 
Size4, BEME5 -0.204 0.042 0.195 
Size5, BEME1 -0.192 0.300 -0.287 
Size5, BEME2 -0.203 0.289 -0.081 
Size5, BEME3 -0.202 0.270 0.051 
Size5, BEME4 -0.199 0.204 0.192 
Size5, BEME5 -0.121 0.235 0.658 
 
Table 17 shows the correlation between the three principal components and the 
three Fama French factors and results obtained are similar to those observed for 




correlation (-94%) with the market factor. The second and the third principal 
components are highly correlated with SMB and HML, with correlations being -61% 
and 64% respectively. The strong correlations observed between the principal 
components and the respective Fama French factors are not surprising due to how 
similarly the principal components and the factors are constructed. 
Table 17: Correlations of Principal Components with Fama French factors 
  Market  SMB HML 
PC1 -0.941 -0.542 -0.352 
PC2 0.244 -0.613 -0.169 
PC3 -0.117 -0.089 0.638 
 
We next regressed the three principal components on the twenty five Fama 
Frnech portfolios (Table 18). Similar to the results obtained previously, this model 
provides a good fit, with an adjusted R2 above 72% for the all portfolios. The three 
principal components remained significant for all, except the portfolios Size1BEME1, 
Size3BEME3 and Size3BEME5. The ten small portfolios (five Size1 and five Size2) and 
the first Size3 portfolio load negatively while the remaining portfolios (four Size3 and 
ten big portfolios) load positively on the second principal component, a finding 
consistent with Fama and French since the second principal component proxies the 
negative of SMB. As the third principal component has a positive correlation with 
HML, most of the low portfolios (portfolios with BEME1 and BEME2) load negatively 
while the high portfolios (portfolios with BEME4 and BEME5) load positively on the 




three principal components remains that pricing error may exist due to the 
significance of the intercepts in all twenty five portfolios, which may diminish the 
effectiveness of this model in pricing the portfolios. 
Table 18:                                           
Size, BE/ME         Adjusted R
2 
Size1, BEME1 0.679** -2.188*** -3.242*** 0.184 0.721 
Size1, BEME2 1.168*** -2.092*** -4.015*** -0.737*** 0.830 
Size1, BEME3 1.258*** -1.900*** -2.363*** 0.210*** 0.885 
Size1, BEME4 1.381*** -1.856*** -2.867*** 0.524*** 0.952 
Size1, BEME5 1.835*** -2.060*** -3.774*** 1.577*** 0.943 
Size2, BEME1 0.563*** -1.673*** -1.222*** -2.174*** 0.886 
Size2, BEME2 1.001*** -1.734*** -0.876*** -0.820*** 0.944 
Size2, BEME3 1.125*** -1.620*** -0.982*** -0.157* 0.945 
Size2, BEME4 1.104*** -1.674*** -0.698*** 0.502*** 0.952 
Size2, BEME5 1.240*** -1.890*** -1.255*** 1.168*** 0.939 
Size3, BEME1 0.649*** -1.615*** -0.185** -2.058*** 0.927 
Size3, BEME2 0.895*** -1.432*** 0.538*** -0.981*** 0.946 
Size3, BEME3 1.008*** -1.468*** 0.511*** -0.074 0.945 
Size3, BEME4 1.036*** -1.470*** 0.168** 0.376*** 0.940 
Size3, BEME5 1.241*** -1.864*** 0.035 1.656*** 0.918 
Size4, BEME1 0.679*** -1.251*** 1.153*** -2.229*** 0.934 
Size4, BEME2 0.744*** -1.346*** 1.061*** -0.720*** 0.954 
Size4, BEME3 0.853*** -1.380*** 0.929*** -0.098 0.945 
Size4, BEME4 0.967*** -1.514*** 0.882*** 0.945*** 0.938 
Size4, BEME5 1.106*** -1.926*** 0.374*** 1.829*** 0.902 
Size5, BEME1 0.571*** -1.103*** 1.699*** -1.657*** 0.937 
Size5, BEME2 0.708*** -1.189*** 1.675*** -0.493*** 0.955 
Size5, BEME3 0.726*** -1.257*** 1.658*** 0.301*** 0.937 
Size5, BEME4 0.781*** -1.446*** 1.458*** 1.375*** 0.905 
Size5, BEME5 -0.168 -1.627*** 3.137*** 8.816*** 0.718 
 
Nonetheless, the creation of the additional two factors, SMB and HML, were 
motivated by asset specific attributes, namely, firm size and book-to-market equity. 




breakpoints, we are able to recover two factors of similar properties through 
principal component analysis. There exists a clear relationship between the three 
principal components and the Fama French factors in the US context, with the first 
principal component representing a market factor, the second principal component 
representing SMB and the third principal component representing HML. However, 
this relationship is not clearly defined when we try to apply it to portfolios formed 














In this thesis, we formed six portfolios and twenty five portfolios based on the 
various size and value breakdown using stocks found on Singapore stock market. We 
separately fit the CAPM and the Fama and French’s three factor models. Results 
based on the twenty five portfolios were inconclusive, due to the high frequency of 
missing returns found in the portfolios during the period 1996 to 2009. There exists 
evidence to show that Fama and French’s three factor model holds for the six 
portfolios, however, results obtained seem to hint that CAPM is sufficient in 
Singapore’s context as the market factor remains the key variable in explaining 
excess portfolio returns.  
Using principal component analysis and decomposing the portfolio returns 




French factors well in the US context. The model fitted using the first three principal 
components yields similar conclusion when compared to the Fama French model. 
There seem to exist a relationship between the principal components and the three 
Fama French factors as observed by Tsay (2005). However, there is no strong 
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8.1 R code to derive portfolios 
##replace all missing with . 
test=read.csv('stock priceSGD1date.csv', header=T, na.strings='.') 



















##data cleaning to be inside the loop 
for (yeari in 1983:2008){ 
##what needed to be done in 1 year 
dum1=stockprice[stockprice$year==(yeari+1),] 






else dum2=rbind(dum2, dum1[dum1$month==i,])} 
 
dum3=stockprice[stockprice$year==yeari,] 
for (i in 7:12){ 
if (i==7) 
dum4=dum3[dum3$month==i,] 












##ensure they have both jun and dec 
n=length(stock0$ui_sm_lr_pivot_varkey_append_adjustment.P_CLOSE) 
check0=rep(0,n) 



















##since this file has only mar data and interested in positive be 









####Codes to remove missing data in Dec 08 and Jun 09 for stockprice ie me 
check=rep(0,length(stock$ui_sm_lr_pivot_varkey_append_adjustment.P_CLOSE)) 







###stock1 and fs1 consists only of those companies without missing values in DEC n JUN for 
me n  mar08 for be n positive be 




































##Rank those portfolio by size Jun09 using the median size to split into Small and Big 




###median gotten, pull companies into 2 groups, companies with me below median n 




##Keep those data with Mar08 for be 
Mar08be=fs2 
allcompany=unique(Mar08be[,1]) 
##finding the length of all companies 
##grab those data with yearly be 
Mar08be1=Mar08be[Mar08be$financial_statements.periodicity=='YEARLY',] 
companyyr=unique(Mar08be1[,1]) 
##those companies that have be for mar08 but not yearly 
leftco=setdiff(allcompany, companyyr) 
 
















##getting those data that dont have yearly n quarterly be 
n9=length(leftco) 
check6=rep(0,n8) 










###Getting all the be data tog to merge with me 
Mar08beFinal=rbind(Mar08be1,Mar08be3,Mar08be4) 
Mar08beFinal1=Mar08beFinal[order(Mar08beFinal[, 1]), ] 
 































###writing a function to get the companies in the 6 categories 
categories=function(data, type){ 
newtypename=NULL 











####sort the co based on jun me yeart, be dec me year t-1. but returns is going forward. year 
t to year t+1 
 
dum111=stockprice[stockprice$year==(yeari+2),] 
for (i in 1:6){ 
if (i==1) 
dum211=dum111[dum111$month==i,] 
else dum211=rbind(dum211, dum111[dum111$month==i,])} 
 
dum311=stockprice[stockprice$year==(yeari+1),] 
for (i in 7:12){ 
if (i==7) 
dum411=dum311[dum311$month==i,] 















##to calculate SMB and HML 






for (i in 7:12){ 
if (i==7) 
zzzz=cbind(portfolioreturns(small_low1, i), portfolioreturns(small_medium1, i), 
portfolioreturns(small_high1, i), portfolioreturns(big_low1, i), portfolioreturns(big_medium1, 
i), portfolioreturns(big_high1, i), portfolioreturns(market1, i)) 
else 
zzzz=rbind(zzzz, zzzz=cbind(portfolioreturns(small_low1, i), portfolioreturns(small_medium1, 
i), portfolioreturns(small_high1, i), portfolioreturns(big_low1, i), 






for (i in 1:6){ 
if (i==1) 
www=cbind(portfolioreturns(small_low1, i), portfolioreturns(small_medium1, i), 
portfolioreturns(small_high1, i), portfolioreturns(big_low1, i), portfolioreturns(big_medium1, 
i), portfolioreturns(big_high1, i), portfolioreturns(market1, i)) 
else 
www=rbind(www, www=cbind(portfolioreturns(small_low1, i), 
portfolioreturns(small_medium1, i), portfolioreturns(small_high1, i), 









portfolioreturns(small_medium1,SMreturns, 1), portfolioreturns(small_high1,SHreturns, 1), 
portfolioreturns(big_low1,BLreturns, 1), portfolioreturns(big_medium1,BMreturns, 1), 
portfolioreturns(big_high1,BHreturns, 1)) 
##month0509=cbind(portfolioreturns(small_low1,SLreturns, 2), 
portfolioreturns(small_medium1,SMreturns, 2), portfolioreturns(small_high1,SHreturns, 2), 
portfolioreturns(big_low1,BLreturns, 2), portfolioreturns(big_medium1,BMreturns, 2), 
portfolioreturns(big_high1,BHreturns, 2)) 
 
##market return: return on the value weighted porfolio of the stocks in the 6 porfolios, plus 
the neg-be stocks excluded frm the portfolios 






































### to obtain 25 portfolios 
###getting 25 portfolios 







###median gotten, pull companies into 5 groups, companies with me below median n 
companies with me above median 
megrp1=Jun09$COMPANY[Jun09$me<=mequantile1] 
megrp2=Jun09$COMPANY[Jun09$me>mequantile1 & Jun09$me<=mequantile2] 
megrp3=Jun09$COMPANY[Jun09$me>mequantile2 & Jun09$me<=mequantile3] 
megrp4=Jun09$COMPANY[Jun09$me>mequantile3 & Jun09$me<=mequantile4] 
megrp5=Jun09$COMPANY[Jun09$me>mequantile4 & Jun09$me<=mequantile5] 
 
 

















































##Given those companies in the various categories, for year 2009, need to calculate their 
monthly returns(data in stock3),  































for (i in 7:12){ 
if (i==7) 
port25zzz=cbind( 
portfolioreturns(grp11a, i), portfolioreturns(grp12a,  i), portfolioreturns(grp13a,  i), 
portfolioreturns(grp14a, i), portfolioreturns(grp15a, i),  
portfolioreturns(grp21a, i), portfolioreturns(grp22a,  i), portfolioreturns(grp23a,  i), 
portfolioreturns(grp24a, i), portfolioreturns(grp25a, i),  
portfolioreturns(grp31a, i), portfolioreturns(grp32a,  i), portfolioreturns(grp33a,  i), 
portfolioreturns(grp34a, i), portfolioreturns(grp35a, i),  
portfolioreturns(grp41a, i), portfolioreturns(grp42a,  i), portfolioreturns(grp43a,  i), 
portfolioreturns(grp44a, i), portfolioreturns(grp45a, i),  
portfolioreturns(grp51a, i), portfolioreturns(grp52a,  i), portfolioreturns(grp53a,  i), 
portfolioreturns(grp54a, i), portfolioreturns(grp55a, i)  
) 
else 
port25zzz=rbind(port25zzz, port25zzz=cbind(portfolioreturns(grp11a, i), 
portfolioreturns(grp12a,  i), portfolioreturns(grp13a,  i), portfolioreturns(grp14a, i), 
portfolioreturns(grp15a, i),  
portfolioreturns(grp21a, i), portfolioreturns(grp22a,  i), portfolioreturns(grp23a,  i), 
portfolioreturns(grp24a, i), portfolioreturns(grp25a, i),  
portfolioreturns(grp31a, i), portfolioreturns(grp32a,  i), portfolioreturns(grp33a,  i), 
portfolioreturns(grp34a, i), portfolioreturns(grp35a, i),  
portfolioreturns(grp41a, i), portfolioreturns(grp42a,  i), portfolioreturns(grp43a,  i), 
portfolioreturns(grp44a, i), portfolioreturns(grp45a, i),  
portfolioreturns(grp51a, i), portfolioreturns(grp52a,  i), portfolioreturns(grp53a,  i), 







for (i in 1:6){ 
if (i==1) 
port25www=cbind( 
portfolioreturns(grp11a, i), portfolioreturns(grp12a,  i), portfolioreturns(grp13a,  i), 
portfolioreturns(grp14a, i), portfolioreturns(grp15a, i),  
portfolioreturns(grp21a, i), portfolioreturns(grp22a,  i), portfolioreturns(grp23a,  i), 
portfolioreturns(grp24a, i), portfolioreturns(grp25a, i),  
portfolioreturns(grp31a, i), portfolioreturns(grp32a,  i), portfolioreturns(grp33a,  i), 
portfolioreturns(grp34a, i), portfolioreturns(grp35a, i),  
portfolioreturns(grp41a, i), portfolioreturns(grp42a,  i), portfolioreturns(grp43a,  i), 
portfolioreturns(grp44a, i), portfolioreturns(grp45a, i),  
portfolioreturns(grp51a, i), portfolioreturns(grp52a,  i), portfolioreturns(grp53a,  i), 
portfolioreturns(grp54a, i), portfolioreturns(grp55a, i)  
) 
else 
port25www=rbind(port25www, port25www=cbind(portfolioreturns(grp11a, i), 
portfolioreturns(grp12a,  i), portfolioreturns(grp13a,  i), portfolioreturns(grp14a, i), 
portfolioreturns(grp15a, i),  
portfolioreturns(grp21a, i), portfolioreturns(grp22a,  i), portfolioreturns(grp23a,  i), 
portfolioreturns(grp24a, i), portfolioreturns(grp25a, i),  
portfolioreturns(grp31a, i), portfolioreturns(grp32a,  i), portfolioreturns(grp33a,  i), 
portfolioreturns(grp34a, i), portfolioreturns(grp35a, i),  
portfolioreturns(grp41a, i), portfolioreturns(grp42a,  i), portfolioreturns(grp43a,  i), 
portfolioreturns(grp44a, i), portfolioreturns(grp45a, i),  
portfolioreturns(grp51a, i), portfolioreturns(grp52a,  i), portfolioreturns(grp53a,  i), 










final=rbind(final,cbind(year1, month1,port25, SMB2009, HML2009, RM6))} 
 
write.csv(final,'25simplereturns_may2012_commoneq.csv') 
 
